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LHC & simulations

Classic motivation
- dark matter?
- matter vs antimatter?
- origin of Higgs boson?

Strengths
- fundamental questions
- huge, complex data set
- first-principle, precision simulations
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LHC & simulations

Classic motivation First-principle simulations
- dark matter? - start with Lagrangian
- matter vs antimatter? - calculate scattering using QF T
- origin of Higgs boson? - simulate collisions

- simulate detectors

Strengths — LHC events in virtual worlds
- fundamental questions
- huge, complex data set Searches and measurements
- first-principle, precision simulations - compare simulations and data

- infer underlying theory (smoresw
- publish data to re-interpret
— Understand LHC data systematically
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scattering decay QCD shower detectors
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Neural networks

Similar to fit
- approximate fy(x) ~ f(x)
- x low-D phase space
- fa numerical function
— 0 data representation

Probabilities over phase space

- regression X = Ag(x)
- classification X — Po(X)  Tlikelihood ratio]
- generation r~N — x ~ pg(x)

- conditional generation r ~ N — x ~ pg(x|y)

LHC representations
- accuracy
- precision
- structure
— Physics-specific ML




ML in experiment

TOp taggi NQg [classification, 2016-today]
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ML in experiment

Top tagging (cassiication, 2016-today]

- ‘hello world’ of LHC-ML ..
end of QCD-taggers
ever-improving  [Huiiin Qu]

— Driving NN-architectures
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ML in phenomenology

Parton densities  [NNPDF, 2002-today]

- LHC-ML classic
- pdfs with uncertainties and without bias
— Driving precision

The Path to N'LO Parton Distributions
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ML in phenomenology

Parton densities [NNPDF, 2002-today]
- LHC-ML classic
- pdfs with uncertainties and without bias
— Driving precision
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Ultra-fast simulations  [sherpa, MadNIS, MLHad]
event generation modular

- better ML-modules
— MadNIS — MadGraph7 e @130 Emmm 0 E=m
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ML in theory

Optimizing integration paths [invertible networks]

- compute Feynman integrals scivo- | -
‘Targeting multi-loop integrals with neural networks

- learn optimal integration pat’ e o e e
— To be implemented...
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ML in theory

Optimizing integration paths [invertible networks]
- compute Feynman integrals

- learn optimal integration pat’

— To be implemented...

Scipost| ——

Targeting multi-loop integrals with neural networks

Abstract

Numerical evaluation

String Iandscape [reinforcement learning]
- searching for viable vacua
- high dimensions, unknown global structure

— Islands of Standard Model?
g w S
€ l] ‘ﬁ\‘ /x }‘ i

Figur : Lef Clusterstucure i imensinaly educed s samples o R and 25 GA uns (°CA
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Probing the Structure of String Theory Vacua with
Genetic Algorithms and Reinforcement Learning
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Training and uncertainties

Learned scalar field fy(x) ~ f(x)
- maximize parameter probability given (f;, o;)

p(x10) p(9)

6 = argmax p(0|x) = argmax
gmax p(6|x) = arg o0

— Gaussian likelihood loss
1= Ry
p(x16) o< T exp ( 202

j

f— fo(x)?

= ﬁE—logp(X|0):§ ‘/2#
j ]



Training and uncertainties

Learned scalar field fy(x) ~ f(x)
- maximize parameter probability given (f;, o;)

_ _ p(x19) p(6)
0 = argmax p(6|x) = argmax p(x)

— Gaussian likelihood loss
1= Ry
p(x16) o< T exp ( 202

j

f— fo(x)?

= ﬁE—logp(X|0):§ ‘/2#
j ]

Unknown uncertainties
- loss including normalization

£(x) — fo(x) 2

L=
20‘9(X)2

+logog(x)+ - -

- if needed replace with Gaussian mixture model
- similar for Bayesian networks and evidential regression
— Learning function and (systematic) uncertainty




Symmetry and accuracy

Amplitude ratio regression  [viladamigo, Frederix, TP, Vitos, Winterhalder]
- full vs. leading color ratio r for gg — 4g
- standard transformer training  [not for MLP, GNN, L-GAT]
— Related to accuracy gain
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Symmetry and accuracy

Amplitude ratio regression  [viladamigo, Frederix, TP, Vitos, Winterhalder]

- full vs. leading color ratio r for gg — 4g
- standard transformer training  [not for MLP, GNN, L-GAT]
— Related to accuracy gain

Symmetries?
- evaluate MSE on transformed data

wrong: 4D rotation SL(4), y — z-shear
right: Lorentz boosts, SO(2) rotations
- initially learning general structures
then penalizing wrong symmetries — Notfm.  -- Boost Shear
Lorentz symmetry stable W7 S0@ ot SL@
SO(2) trivially good i
- Symmetries help accuracy

0 10000 20000 30000 40000 50000
Training Iterations




Amplitudes with calibrated uncertainties

Amplitude regression  [Badger, Butter, Luchmann, Pitz, TP]
- loop amplitude gg — ~vvg(g) over
- systematics: artificial noise
- statistics plateau

- accuracy over phase space
ANN(X) — Airue(X)

Ax) =
Atrue(X)
4 8
Fomear =10% — BNN Fomear = 5% — BNN
3 — RE 6 — RE
— Det — Det
E E
< 2 < 4
1 2
0 0
—-04 —-0.2 0.0 0.2 0.4 —0.2 —0.1 0.0 0.1 0.2



Amplitudes with calibrated uncertainties

Amplitude regression  (Badger, Butter, Luchmann, Pitz, TP]

- loop amplitude gg — ~vvg(g) over

- systematics: artificial noise
- statistics plateau
- accuracy over phase space

AnN(X) — Arrue(X)

A(X) =
( ) Atrue(X)
- pull over phase space
Ann(X) — Ay X
toyst(X) = M
Usys1(x)
0.4
fomear = 5% — BNN
03 o RE
— Det
%02 — 40,1
0.1
0.0

50 —25

0.0
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Amplitudes with calibrated uncertainties

Amplltude regreSSiOn [Badger, Butter, Luchmann, Pitz, TP]

- loop amplitude gg — yvg(g) over
- systematics: artificial noise

- statistics plateau

- accuracy over phase space

Ax) = AnN(X) — Atrue(X)

Atrue(X)
- pull over phase space
ANN(X) — A e(X)
tsysl(x) ==L e
Tsyst(X)
Towards zero noise
. 107! AR
- scaling e I
2 2 g2 I L - BNN
Tsyst — Psyst,0 ~ Otrain élo‘z > . RE
- plateau (osyst/A) ~ 0.4% Y - Det
— Limiting factor?? Lo
ol
£
107%
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fimear [%]




Amplitudes with calibrated uncertainties

Amplitude regression  [Badger, Butter, Luchmann, Pitz, TP]
- loop amplitude gg — yvg(g) over
- systematics: artificial noise
- statistics plateau

. accuracy over phase space
AnN(X) — Atrue(X)

Al = Arue(X)
- pull over phase space
Ann(X) — Atrue (X
fysi(X) = 7NN(J>W(X; °(%)
Data pre-processing 0.08

Det-DSI
BNN-DSI
Det-1

Det GELU
Det ReLU

- amplitude from invariants
- learn Minkowski metric

0.06

- Deep-sets-invariant network 2 0.04
L-GATr transformer the same

0.02
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Amplitudes with calibrated uncertainties

Amplitude regression  [Badger, Butter, Luchmann, Pitz, TP]
- loop amplitude gg — yvg(g) over
- systematics: artificial noise
- statistics plateau

. accuracy over phase space
AnN(X) — Atrue(X)

A(x) =
Arue(X)
- pull over phase space
Ann(X) — Airue(X)
lyst(X) = ——————
sysl( ) et (X)
Data pre-processing
- amplitude from invariants 0.4 —— Det-DSI
. . . —— BNN-DSI
- learn Minkowski metric et
. . 03
- Deep-sets-invariant network ) \ — DetGELU
L-GATr transformer the same %02 L — DetReLu

— Calibrated systematics 401




ATLAS calibration

Energy calibration with uncertainties [ATLAS + Heimel, TP, Vogel]

- interpretable calorimeter phase space x
- learned calibration function

obs
Ran(%) £ AR(x) ~ £ X)

~ Eder(x)
- trained on simulations, statistics neglibigle

- systematics:  noise in data
network expressivity
data representation ...



ATLAS calibration

Energy calibration with uncertainties [ATLAS + Heimel, TP, Vogel]

- interpretable calorimeter phase space x

- learned calibration function

- EobS(X)
RNN(X) + ARNN(X) ~ EdT(X)
- trained on simulations, statistics neglibigle

- systematics:  noise in data
network expressivity
data representation ...

— Understand (simulated) detector

ATLAS Simulation Internal
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Generative Al

Simulations, MadNIS, calorimeters,...

- learn phase space density
fast sampling Gaussian — phase space
Bayesian generative network — uncertainties

- Variational Autoencoder
— low-dimensional physics

- GAN [Butter, TP, Winterhalder]
— generator trained by classifier

. Normalizing Flow [Bellagente, HauBmann, Luchmann, TP]
— bijective mapping

- Diffusion [Butter, Hiitsch, Palacios, TP, Sorrenson, Spinner]
— ODE solving

. JBIGPT, VIT [Favaro, Ore, Palacios, TP]
— non-local transformers

- L-GATr / LLoCa [Brehmer, Breso, de Haan, TP, Qu, Spinner, Thaler]
— Lorentz-covariant data representation

forward

Y

scattering decay QCb shower
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Extrapolating ISR

Universal QCD jet radiation (z +1...8jets]

- fromnton+1jets

R(n+1)/,, = It and P(n) = ﬂ with Otot = Z on .
On CTtot —0
- large scale drop: Poisson scaling )
Rintyyn = — o Pm=""
(mD/m = oo

- democratic scales: staircase scaling
Rinsnyyn =€ =1—Bg(@%) = P(n+1|n)

— Universal pattern learnable?
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Extrapolating ISR

Universal QCD jet radiation 7+ 1...8jets]
- democratic scales: staircase scaling
Riniy/n =€ % =1— Bg(@%) = P(n+1|n)
— Universal pattern learnable?

Autoregressive transformer  [gutter, Charton, Villadamigo, Ore, TP, Spinner]
- factorized probability and loss function

P(Xi|X1.i—1) = Prin(Xi| X1:i—1) Pepit(X1.i—1)

p(x1.n) = |:Hpkin(xilx1:i—1):| |:Hpsplil(x1:i—1):| [1 = pspiit(X1:0)]
i=1 i=1

- train up to 6 jets, generate 7 and 8
— full extrapolation with right latent representation

—1]
10 Z+8j 1074 zZ+8
o Y —— Truth o —— Truth
§107 —— override | § 10724 —— Override
E E
10734 -
—4 ]
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210 gE 107
él70.84 : IR :
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]

- sensitive substructure variables

= 571wy = 2P VEFPL o DigPropri(AR)°
ot - ol PT jet T >oiPTi g (ZiPT,i)Z

- related to max 5 principle components? [inear decorretation]

100 {Full ParticleNet (Pythia)

80 //
—e— Pythia PCA + Pythia test

—=#— Pythia PCA + Herwig test
--%- Herwig PCA + Herwig test

Full ParticleNet (Herwig)
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]

- sensitive substructure variables

o = 21 Wy — >, Pr,iAR; et prD = \/ iP5, C, = e pT,ipT,j(iRi/)B
; PT jet >oiPTi (=i pr)i)
- related to max 5 principle components? [inear decorretation]
- PCy: constituent number and diversity
Nt +a-Spp  with  Spp = — Z fi log f;

typej
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g
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]
- sensitive substructure variables

= 21 Wy = > i PT,iAR; jet prD — \/ Zip?',i Co— Zi<j pT,iPT,j(ARI-j)B
P ; P PT jet 2Pt s > p7-,,»)2

- related to max 5 principle components? [inear decorretation]
- PCy: constituent number and diversity
Npt + o - SpiD with Spp = — Z fl Iog)j-

typej
- PC.: radial energy profile
)\1
W; =a - NMy— Wy and = ;és A= > 2’ AR
i
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]

- sensitive substructure variables

=571 = >0 PT,iAR; et prD — N C, = i<; PP (AR))?
- PT jet >2iPTi (Z;pr)?
- related to max 5 principle components? [inear decorretation]
- PCy: constituent number and diversity
M+ a-Spp  with  Spp=—>filog

typej
- PC.: radial energy profile
)\1
W;:opnpfprf and = % Af:ZzﬁARk
1 i

- PCj: fragmentation and energy dispersion

Sfrag = *Zzi log z; 1.0
7 log(pTD) -0.15 [-0.37 :
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Physics from latent representation

Quarks vs gluons from trained ParticleNet  (vent, winterhalder, TP]

- sensitive substructure variables

o = 21 Wy = > o7 iAR; et prD = \/Zipzr,; Cs = Z,-<jpr,ipr,j(AF{,./)B
; PT jet >oiPTi (X pr.)?
- related to max 5 principle components? [inear decorretation]
- PCy: constituent number and diversity

Mot + o - Srip with Spp = — Z f] |0g);'
typej

- PC,: radial energy profile
Mo

prf‘ =a - fMy—wy and = " AP = > z’ AR
1 i
- PCj3: fragmentation and energy dispersion
sfrag = - Z Zilog Z;
i
- PCy4 5: charge information etc
E
Eq=-—229d  and At = Sfrag@ —0.03- Ny + 1.95w;r
Ejet Co.05 P

— Latent distributions learn physics




ParticleNet beyond PCA

Disentangled latent classifier

- learning compressed, decorrelated representation

N N
S 2
£=3" x5+ [yilego(z) + (1 - y) og(1 = a(2))] + > [Cov(z, 20)]
i=1 i=1 J#k
Cdisenlangle

Lreco Lelass

— 5 latent dimensions plenty

Latent Dim| 1 2 3 4

AUC  |0.893(2) 0.9001(4) 0.9024(4) 0.9034(2)
T€j30y, 72(3)  77(3) 7 95(55)  95(3)
AC 1.8(3) 0.93(5) 1.0(16) 0.9(15)




ParticleNet beyond PCA

Disentangled latent classifier

- learning compressed, decorrelated representation

N N
£=3" I — &P+ [wloga(z) + (1 y)log(l - o(2)] + 3 [Cov(z, 20)]°
i=1 i=1

j#k
N
Lreco Lelass L disentangle
— 5 latent dimensions plenty
Shapley variables igh
- pretty pictures, with weird patterns [quark .
f
P E
Co g
£
Wpt 5
=
prD
Low

—0.25 0.00 0.25
SHAP value (impact on model output)




ParticleNet beyond PCA

Disentangled latent classifier

- learning compressed, decorrelated representation

N N
S 2
£=3" x5+ [yilego(z) + (1 - y) og(1 = a(2))] + > [Cov(z, 20)]
i=1 i=1 J#k
Cdisenlangle

Lreco Lelass

— 5 latent dimensions plenty

Shapley variables

- pretty pictures, with weird patterns (quark jets: low muttiplicity and low girth]
— Little insight from SHAP implementation




ParticleNet beyond PCA

Disentangled latent classifier
- learning compressed, decorrelated representation

N N
£=3"Px—%F+ 3 [wloso(z) + (1 — y)los(1 — o(z)] + 3 [Cov(z, 20)]°
i=1 =1

J#k

Lreco Lelass Ldisentangle

— 5 latent dimensions plenty

Shapley variables
. pretty piCtureS, with weird patterns [quark jets: low multiplicity and low girth]
— Little insight from SHAP implementation

Symbolic Regression
- learn formula with given complexity
- classifier output not power series
- AUC and calibration double goal
Pouar = tanh® [0.56 - Co.o +2 (=002 1 - (Co2 - prD - Spip - Syag — 0.25) +1)°]

observables model| AUC Rejjy,

MLP |0.872 66.87
(npes PTD; Co.25 T2 SeiDs Strags Eq) PySR ‘0.871 66.58




ParticleNet beyond PCA

Disentangled latent classifier

- learning compressed, decorrelated representation

N N
S 2
£=3" x5+ [yilego(z) + (1 - y) og(1 = a(2))] + > [Cov(z, 20)]
i=1 i=1 J#k
Cdisenlangle

Lreco Lelass

— 5 latent dimensions plenty

Shapley variables

- pretty pictures, with weird patterns (quark jets: low muttiplicity and low girth]
— Little insight from SHAP implementation

Symbolic Regression
- learn formula with given complexity
- classifier output not power series
- AUC and calibration double goal
Pauark = tanh® [0-55‘ Co2+2(—0.02-rx- (Co2-pPrD- Spp - Siag — 0.25) + 1)3]

— Formulas as physics regularizers?  [san, Fuchs, Menem, TP]




ML for LHC Theory

ML is particle physics method development

1 just another numerical tool for a numerical field

2 completely transformative new language

- driven by (money from) industry and medical research
- particle physics should be leading scientific Al

- improve established tools
develop new tools for established tasks
transform through new ideas

— Complexity becoming our friend

Modern Machine Learning for LHC Physicists

Tilman Plehn®; Anja Butter™”, Barry Dillon*,
Theo Heimel”, Claudius Krause?, and Ramon Winterhalder”

“ Institut fiir Theoretische Physik, Universitit Heidelberg, Germany
 LPNHE, Sorbonne Université, Université Paris Cité, CNRS/IN2P3, Paris, France
“ HEPHY, Austrian Academy of Sciences. Vienna, Austria
@ CP3, Université catholique de Louvain, Louvain-la-Neuve, Belgium

March 19, 2024

Abstract

For young

range of LHC dents with basic
enthusiasm for machine learning They start with an LHC-spe and a non-standard
'

problems. Two themes defining much of the discussion are well-defined loss functions and uncertainty-aware networks,
As part of the applications, the notes include some aspects of theoretical LHC physics. Al examples are chosen from
particle physics publications of the last few years.

2211.01421v2 [hep-ph] 17 Mar 2024



http://www.thphys.uni-heidelberg.de/~plehn/pics/modern_ml.pdf
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